The hedonic property value model is among our foremost tools for evaluating the economic consequences of policies that target the supply of local public goods, environmental services, and urban amenities. We design a theoretically consistent and empirically realistic Monte Carlo study of whether omitted variables seriously undermine the method's ability to accurately identify economic values. Our results suggest that large gains in accuracy can be realized by moving from the standard linear specifications for the price function to a more flexible framework that uses a combination of spatial fixed effects, quasi-experimental identification, and temporal controls for housing market adjustment.
Introduction
The hedonic property value model is among our foremost tools for evaluating the economic consequences of policies that target the supply of environmental amenities. In theory, Rosen's [28] hedonic model of market equilibrium can be used to assess the welfare implications of changes in goods and services that are not explicitly traded in formal markets, but are conveyed through the choice of a home. Economists have relied on this model to measure the willingness-to-pay for improved air quality [30] , to estimate the value of a statistical case of pediatric leukemia [11] , to assess property value externalities from bacterial contamination of waterways [21] , and to evaluate the benefits from numerous policies enacted at the local, state, and federal levels. Examples include the Clean Air Act [8] , the Superfund program for cleanup of hazardous waste sites [23] , and disclosure laws for airport noise [27] . Widespread use of the hedonic model for policy evaluation makes it especially important to understand the method's strengths and limitations.
Over the past few years, there has been increasing concern that misspecification of the hedonic price function can seriously undermine its ability to accurately estimate economic values. The main concern is omitted variable bias. Neighborhood characteristics that matter to households, but are not observed by the econometrician, are often expected to be correlated with the amenity of interest or other independent variables [6, 8, 11, 20, 22, 27] . While the omitted variable problem is quite general, it is challenging to evaluate its implications for hedonic estimates of nonmarket values because housing prices and consumer welfare are simultaneously determined as equilibrium outcomes of the market clearing process [28] . Cropper, Deck and McConnell [9] were the first to meet this challenge by developing a theoretically consistent framework for computing hedonic equilibria. One of their key findings was that flexible econometric specifications for the equilibrium price function performed best when all variables were included in the model, but simpler functional forms (linear, log-linear, log-log, and linear box-cox) performed best in the presence of omitted variables. This result was widely applied in the subsequent empirical literature. The vast majority of hedonic studies published over the last two decades have used linear, log-linear, or log-log models in an effort to hedge against the risk of omitted variable bias.
In the 20 years since Cropper, Deck, and McConnell's innovative study (henceforth CDM) econometric methodology in the hedonic literature has evolved to address omitted variables directly. In studies with large cross-section data sets, it has become standard practice to add spatial fixed effects to the hedonic price function (e.g. fixed effects for school districts, subdivisions, or census tracts). The intention is to absorb the price effect of spatially clustered omitted variables. Likewise, the increasing availability of repeated cross-section and panel data sets has allowed researchers to develop quasi-experimental designs that offer the potential to purge the price effect of time-constant omitted variables [11, 22, 27] . Surprisingly there has been no systematic effort to evaluate the relative performance of these techniques in dealing with omitted variables and in recovering nonmarket values. We seek to fill this void. This paper describes a theoretically consistent Monte Carlo evaluation of the accuracy of modern hedonic methods in recovering nonmarket values when key variables are omitted from the model. Five features of our analysis add realism and allow us to inform current hedonic practice: (i) we define the urban landscape using a comprehensive set of data on 104,000 housing sales that occurred in Wake County, NC during the late 1990s, (ii) these data are used to compute hedonic equilibria that reflect the real pattern of spatial correlation between housing characteristics and amenities, (iii) each Monte Carlo replication uses a sample size of 2000 homes, which is consistent with modern empirical studies and allows the use of spatial fixed effects, (iv) our evaluation of alternative hedonic methods focuses on the consequences of omitting a subset of neighborhood characteristics from the regression and we test the robustness of our results by randomly selecting which variables to omit, and (v) we simulate how housing markets adjust to the types of unexpected events that form the basis for quasi-experiments. For realism, our analysis is based on an actual change in commuting patterns that occurred in Wake County during our study period. This allows us to simulate a quasi-experimental design to evaluate pooled cross-section, first difference, and difference-in-difference approaches to estimation.
Our analysis yields several important results. First, adding spatial fixed effects to the estimated price function substantially reduces the bias from omitted variables in cross-section data. This reduction is much larger than the reduction that comes from using simpler functional forms. Moreover, the reduction is sufficiently large for "flexible" Box-Cox specifications that they outperform the linear, log-linear, and log-log models that currently dominate empirical practice. Second, difference-in-difference and first differenced estimation further reduces the bias from time-constant omitted variables, beyond the gains from spatial fixed effects. Third, we find that the scope for econometric misspecification expands substantially when using timeseries data that include market adjustment to unexpected events. Our simulations characterize the movement between equilibria following a moderate change in commuting patterns. Simply pooling the data from the two equilibria leads to a bias in estimated MWTP that is similar in magnitude to the bias from omitted variables. This bias can be averted by using a generalized difference-in-differences estimator to control for changes in implicit prices.
The remainder of the paper proceeds as follows. Section 2 briefly reviews the evolution of the empirical hedonic literature on estimating MWTP. Section 3 describes our experimental design. Then sections 4 through 6 report and interpret the results, which are followed by concluding comments in section 7.
Empirical Specification and Omitted Variables in the Hedonic Literature
In his seminal 1974 paper, Sherwin Rosen demonstrated that the functional relationship between the price of a differentiated product and its attributes can be interpreted as an equilibrium outcome from the interactions between all the buyers and sellers in a market. Under the assumptions of his model, regressing product prices on their attributes can reveal consumers' marginal willingness-to-pay (MWTP) for individual attributes of a differentiated product.
Importantly, the form of the equilibrium price function depends on the underlying distributions of preferences and technology. Under specific parametric assumptions about these latent distributions, such as Tinbergen's [33] linear-normal model, the equilibrium price function can take a convenient closed form. In general however, it is nonlinear without a closed-form solution. Moreover, Ekeland et al. [12] demonstrate that nonlinearity is a generic property of the price function. This means a linear functional form would be a special case in the sense that small perturbations to the underlying distributions of preferences and technology can produce large deviations from linearity.
While theory suggests the equilibrium price function is generally nonlinear, most empirical studies take linearity as a maintained assumption. 1 Due to space constraints, we do not work through the standard analytics of the hedonic property value model. Readers seeking an analytical review of the literature are directed to [25] .
This practice is often justified by citing CDM's Monte Carlo analysis of how the accuracy in predicting MWTP varies across competing functional form assumptions. The distinguishing feature of their study is that it is theoretically consistent. They solve for an equilibrium vector of housing prices under specific assumptions about the parametric form of utility, the distribution of preferences, and the supply of housing. This allows them to compare the "true" MWTP for each housing characteristic (e.g. # bedrooms, square feet) with the econometric predictions made by each of six functional forms:
linear, semi-log, double-log, quadratic, linear Box-Cox, and quadratic Box-Cox. When every housing characteristic that enters the utility function is included as an explanatory variable in the hedonic regression, the quadratic Box-Cox model produces the lowest mean percentage error in estimating MWTP. This result changes when one of the variables is omitted or replaced by a proxy. In this case, the more parsimonious functional forms-linear, semi-log, double-log, and linear Box-Cox-are the ones that perform the best.
CDM has served to guide the subsequent empirical literature. Their results are featured prominently in textbooks on environmental economics, such as Freeman [14] , reviews of the hedonic literature, such as Palmquist [25] , and practitioners' guides to hedonic estimation, such as Taylor [32] . Moreover, it has become common practice in the empirical literature to adopt one of the more parsimonious functional forms from CDM's study to represent the equilibrium hedonic price function with little or no specification testing. This is somewhat surprising because modern hedonic studies use data and econometrics that have little in common with the simulations designed by CDM.
In the 20 years that have passed since CDM's study, advances in microeconometric methods, together with the increasing availability of micro data, have changed the way hedonic models are estimated. To document these changes, we reviewed the 123 studies published between November 1988 and November 2008 that cite CDM according to the Social Science Citation Index (SSCI). In addition to empirical property value studies, this set of papers includes theoretical work and applications to markets for labor, breakfast cereal, fruit, automobiles, herbicides, knitted garments, ecolabeled paper towels, appliances, collectable coins, television, fish, forestry, and agricultural land. Narrowing the focus to residential property value studies decreased the size of our sample to 69 papers published in 35 different journals. While these 69 articles are a small fraction of a vast literature, they serve to illustrate two things: (i) how econometric methodology in the literature has evolved over time and (ii) how CDM's experimental design differs from the studies that invoke their results. Table 1 compares the features of CDM to the papers in our SSCI sample.
2 80% of the SSCI studies rely on one of the three linear functional forms: linear, semi-log, and double-log.
Most of the others use a linear Box-Cox. Meanwhile, compared to CDM, the typical hedonic study uses a larger sample size, a broader definition for the housing market, and explicitly controls for variation in unobserved
As data on individual housing transactions have become increasingly available, sample sizes have increased. The median number of observations in the SSCI studies published during the past ten years (2,459) more than quadrupled from the previous ten year period (593) which was nearly triple the number of observations used by CDM (200). As sample sizes have grown, so have the geographic and temporal boundaries used to define the market. CDM used data on homes in Baltimore City/County in 1977-78. In comparison, 51% of the SSCI papers use data from multiple cites or counties and 71% use sales data over more than two years.
attributes across space and time.
In their original analysis, CDM omitted two structural housing characteristics-lot size and the number of rooms. While concern about omitted variables has intensified since their study, the focus has shifted to omitted neighborhood characteristics. One reason is that data on structural characteristics have become readily available. 3 Perhaps more importantly, 84% of the studies in table 1 focus on estimating the MWTP for a spatially delineated amenity such as air quality, open space, or proximity to hazardous waste sites. We often expect these amenities to be correlated with unobserved neighborhood characteristics [6, 8, 11, 20, 22, 27] . 4 Over the past 20 years, the literature has also evolved to address omitted variables directly. More than half the studies in the SSCI sample use spatial fixed effects to absorb the effect of unobserved amenities that vary between cities or between neighborhoods within a city.
A smaller share (14%) use spatial econometrics to impose more structure on the relationship between unobserved variables and housing prices. Finally, researchers are increasingly adopting quasi-experimental designs. While these studies only account for 20% of the SSCI sample, most were published recently.
Patterns of spatial correlation between included and omitted neighborhood characteristics may be very different from the spatial correlation between structural characteristics. 5 The bottom line is that the empirical hedonic literature that relies on the results from CDM has evolved to the point where it bears little resemblance to their original study. This
These studies typically use fixed effects, first difference, or difference-in-difference estimators to identify the rates at which unexpected changes in amenities are capitalized into property values [8, 11, 27] . In some cases, repeat sales data are used to purge time-constant omitted variables. None of these strategies for addressing omitted variables were considered by CDM. 3 County assessors are often required to keep detailed records of the structural characteristics and transaction price of every home sold in the county for tax purposes. This public information is collected and sold to researchers by commercial vendors such as DataQuick. 4 For example, suppose we want to estimate the MWTP for air quality. If homeowners also care about crime rates, and industrial areas with low air quality tend to be located in high-crime areas, failing to control for crime rates will place an upward bias on the hedonic coefficient for air quality. 5 We define a hedonic study as being quasi-experimental if there is an exogenous discontinuity (in time or space) that generates clear treatment group(s) and clear control group(s) which are used to estimate treatment effect(s). Many older studies satisfy these criteria without using the modern quasi-experimental terminology.
evolution of the literature suggests it is time to revisit the question of empirical specification.
A Theoretically Consistent Monte Carlo Experiment, Calibrated to Real World Data
We design a Monte Carlo experiment to compute hedonic equilibria and investigate how the accuracy of predictions for MWTP varies with the econometric strategy for mitigating omitted variable bias. This section outlines our theoretical framework, model calibration strategy, and experimental design.
Theoretical Framework
In the conventional hedonic property value model, housing services and amenities vary across the urban landscape. Let J j ,...., 1 = homes be defined over a vector of characteristics, j x , that includes structural characteristics of the home as well as spatially delineated amenities.
Household i's utility depends on the characteristics of its home ( j x ) and on its consumption of a composite numeraire good (c), given its idiosyncratic income ( i y ) and preferences ( i α ). Each household is assumed to choose a specific home and a quantity of c that maximize its utility subject to a budget constraint:
In the budget constraint, the price of the numeraire is normalized to one, and j p represents annualized expenditures on house j.
A hedonic equilibrium is achieved when every household occupies a utility-maximizing location, given prices and characteristics, and the demand for housing equals supply. 
Each household occupies exactly one home, for which it has the maximum bid. Ties for the maximum bid are assumed to occur with zero probability. 6 Under the assumption that utility is monotonic in the numeraire, bids can be expressed as a function of housing characteristics and preferences [28] . To see this, let ũ be a reference level of utility and then invert the utility function to solve for 
Given a specification for utility and data on housing characteristics, the bid function can be used to compute a vector of prices and an assignment of people to homes that jointly satisfy the conditions for a hedonic equilibrium. Because there is generally no closed-form solution, the problem is solved numerically by iterating over adjustments to the price vector and the assignment of people to homes until (2)-(3) are simultaneously satisfied [19] .
In general, there is no guarantee that hedonic equilibria will exist or be unique. Previous studies have not reported any difficulty in finding equilibria, but the issue of uniqueness has received little attention. CDM and other assignment studies have used algorithms that solve for the highest price equilibrium [2, 9, 17, 19] . However, there may be additional equilibria at lower prices with the same assignment of people to homes, or different assignments. Kuminoff and Jarrah [19] recently developed an "iterative bidding algorithm" that can recover multiple equilibria from an assignment model, if they exist. Their application to the housing market in central California provided the first demonstration that assignment models generally support more than one equilibrium.
We would like to avoid having our conclusions about the relative performance of different estimators depend on an arbitrary choice for the equilibrium. This concern is reflected in three features of our experimental design. First, we calibrate the assignment model to approximately reproduce actual prices in Wake County as the highest price equilibrium.
Calibration helps to ensure that the relationships between housing prices, housing characteristics, and household income in our simulated equilibria will be similar to the actual relationships between those variables in our data. Second, we solve for a large number of different equilibria using randomly chosen subsets of our data. Using these data to calculate average measures of model performance should help to smooth over extreme results that may be tied to particular equilibria. Finally, for each randomly chosen subset of the data, we use the iterative bidding algorithm to solve for additional equilibria at lower prices. This allows us to test the sensitivity of our results on econometric performance to the choice among equilibria.
Calibrating the Model to Wake County, North Carolina
The stock of housing is defined from data on approximately 104,000 single-family housing sales in Wake County, North Carolina between 1992 and 2000. 7 7 These data have been used in several previous studies [26, 27] . Fulcher [15] provides additional background on the data and how they were originally developed.
The data contain the sale price of each home, its structural characteristics, the characteristics of its neighborhood, and
its proximity to open space and shopping centers. Census of Population and Housing. 8 We use the Wake County data to compute separate hedonic equilibria for Cobb-Douglas, Translog, and Diewert utility functions.
Diewert:
Translog:
Cobb-Douglas:
The Cobb-Douglas specification allows people to differ in their relative preferences for different housing characteristics ( ij α ). This preference heterogeneity is maintained in the Diewert and Translog specifications, which also introduce interaction terms with constant preference coefficients (i.e. 
= ρ
). A full table of correlation coefficients is provided in the supplemental appendix together with maps of the region. 9 In the Translog and Cobb-Douglas specifications, only the continuously varying characteristics are transformed. In other words, for the fireplace and garage dummy variables, we set ( ) 1
The objective was to choose the distribution of preferences to minimize the distance between actual housing prices and the equilibrium hedonic prices predicted by the model. The heterogeneous ij α parameters were assumed to follow independent gamma distributions, the jk β interaction coefficients were all drawn from a common normal distribution, and income, which was assumed to be independent of preferences, was drawn from the distribution for Wake
County reported in the 1990 Census data. 10 Given these distributional assumptions, the NelderMead algorithm was used to choose values for the mean, variance, and gamma shape and scale parameters that allowed each utility function to approximately reproduce the Wake County data as a hedonic equilibrium. assigned to those homes in our simulation. Differences between actual prices and simulated prices reflect our inability to exactly reproduce the location choice process for homeowners in Wake County. This imperfection arises from the ways in which we abstract from reality, including: (i) the rigidity of the Diewert specification for preferences; (ii) our lack of data on
The resulting parameter values were used to define the distribution of preferences for the population of households. 10 Independent normal and uniform distributions were also considered for ij α . We chose the gamma over these alternatives because it provided the best fit of our model to the Wake County data. Our sampling procedure also assumes that people are uniformly distributed within each of the 16 income bins in the Census data. An interesting possibility for future research would be to generalize our preference specification to allow for correlation between preferences and income; correlation between preferences for different housing characteristics; or interactions between housing characteristics and the numeraire.
school quality, crime rates, and other neighborhood characteristics that may influence prices; and (iii) measurement error arising from the fact that we assign 1990 Census block demographics to homes that actually sold between 1992 and 2000. 12 Despite these limitations, panel A of figure 1 illustrates that our model clearly reproduces the general price trends in Wake County. This is reinforced by the close match between the corresponding simulated and empirical probability density functions in panel B. 
Experimental Design: Hedonic Equilibria Before and After Changes in Amenities
We use the calibrated utility functions to simulate hedonic equilibria for our Monte Carlo experiments. Pseudo-data were generated by computing 100 pairs of equilibria for each of the three utility functions. Consider a single replication. We begin by drawing a random sample of households and homes. Then we solve for the assignment of households to homes and the vector of prices that jointly clear the market for housing. This is the "ex ante" equilibrium. Next, we shock a subset of neighborhood amenities and solve for the "ex post" equilibrium prices and housing assignments. The pseudo-data on housing prices and characteristics from the ex ante equilibrium are used to evaluate the alternative cross-section estimators. Data from both the ex ante and ex post equilibria are used to evaluate the panel data estimators.
Throughout the simulation process, the urban landscape is spatially explicit. When we draw a random sample of homes and solve for the equilibrium prices, the resulting pseudo-data reflect the actual spatial correlation between prices, neighborhood attributes, and amenities in 12 Of course, imperfections in the calibration of our model should not affect our ability to evaluate the relative performance of hedonic estimators. When we use the calibrated model to compute a hedonic equilibrium, our preference specification becomes the "truth". Likewise, we maintain full control over the number of omitted variables and the degree of measurement error in the data used for econometric estimation. 13 The calibrated Translog and Cobb-Douglas models perform similarly.
Wake County. 14 The changes in amenities are also designed to be realistic. We focus on an actual event that occurred during our study period. In the late 1990s, the construction of a new beltline highway reduced commute times in selected areas of Wake County. With help from the Wake
County planning department, we determined which census tracts would have experienced the largest reductions. Then we divided the tracts into four categories, each of which we associate with a constant percentage reduction in commute time: large reductions (50%), moderate reductions (30%), small reductions (15%), and very small reductions (5%).
This realism is important for assessing the consequences of omitting spatially delineated variables. We also use the latitude and longitude of each home to develop spatial fixed effects for census tracts and to generate weights matrices for estimating spatial lag and spatial error models [1] . 15 One of the challenges for panel-data estimation is that a change in the amenity of interest may be correlated with changes in other amenities, some of which may be omitted from the model. The correlation can arise from a functional relationship between them (e.g. increased roadway congestion causes air quality to decline [18] ). It can stem from the sorting mechanism that underlies the concept of a hedonic equilibrium (e.g. when polluting facilities move out of a neighborhood, wealthier households move in [4] ). Or the amenities may be simultaneously based on their ability to use these changes to identify MWTP for a further reduction in commute time. 14 We do not use weights based on population density. Each sample is randomly drawn from the population of houses that were actually sold in Wake County during our study period. This procedure generates repeated samples of the type of "assessor data" that are routinely used to measure the MWTP for environmental amenities. 15 These simulated changes are roughly in line with the changes implied by the 1990 and 2000 Censuses. Based on Census data, median commute times declined or were unchanged in 65 out of 105 tracts in Wake County. The largest decline reported in the Census was 59% compared to 50% in our simulation. generated by a deeper structural process (e.g. population growth increases congestion while decreasing air quality and open space [24] In reality, neighborhood amenities change gradually. Some changes are easily anticipated, others are not. It is important to keep in mind that our Monte Carlo experiments abstract from dynamic decision making under uncertainty. The simulated changes in commute time, neighborhood demographics, and distance to parks are all defined to be strictly exogenous.
From an econometric perspective, the key implication of simulating park construction is that it induces a spatially consistent pattern of correlation between the change in commute time and the change in another continuously-varying amenity that may be included or excluded from the econometric model. The correlation coefficient for the two sets of changes is 0.11. 17 There are no moving costs, feedback effects, or other sources of friction.
18 16 Wake County is one of several metropolitan areas to use bond initiatives to raise money to preserve open space [34] .
We 17 Development of Wake County's beltline highway took more than 20 years from designation to completion. While the eventual opening of the highway was not unexpected, some details of the planning and construction phases are consistent with a quasi-experimental design [31] . For example, we suspect it would have been difficult for homebuyers to predict the actual changes in commute times because these changes were endogenous to the behavior of other commuters and to the ongoing urban development process. 18 While these assumptions are standard in the empirical literature, recent work has suggested that accounting for moving costs and imperfect information can affect hedonic estimates for nonmarket values [6, 27] . In principle, one could extend our experimental design to investigate how these sources of friction affect estimates for MWTP. A simply calculate market equilibria before and after an interval over which there were several changes to the spatial distribution of amenities. This setup mirrors the conceptual design of capitalization studies such as Chay and Greenstone [8] in which markets are observed at 10 year intervals, before and after nonmarginal changes to the amenity of interest. Thus, our evaluation of panel data estimators is conditioned by the assumption that the econometrician has identified a valid quasi-experiment. This is analogous to assuming that the econometrician working with cross-section data has correctly defined the extent of the market.
Using the pseudo data generated by the pre-shock and post-shock equilibria, we ran 54,000 regressions to evaluate 540 different hedonic models. related possibility for future research would be to evaluate the robustness of quasi-experimental approaches to hedonic estimation in the presence of weak instruments, endogenous sorting, and measurement error.
Between 2 and 11 variables entered the price function in each regression, generating more than half a billion estimates for individual MWTP. With this multiplicity of models and wealth of estimates, the challenge is to find a coherent way to synthesize the results. Section 4 summarizes our results on using spatial fixed effects to control for omitted variables in crosssection data. Section 5 compares the alternative panel data estimators in terms of their ability to identify the MWTP for commute time. Finally, section 6 uses all of our results to conduct a meta-analysis of overall model performance.
Evidence on the Performance of Hedonic Estimators for Cross-Section Data
To quantify the performance of an individual estimator, we first calculate the difference between every household's MWTP for each housing attribute and the corresponding partial derivative of the estimated price function, ( ) x P , on each Monte Carlo replication. Equation (6) defines this error, ikr e , in estimating household i's valuation of characteristic k on replication r.
( )
We follow CDM by using this expression to construct summary statistics for the distribution of errors in estimating MWTP for the population of households in the simulated market. Equation 
The normalized mean and standard deviation are simply the mean ( kr e ) and standard deviation Table 3 reports the bias in our estimates for MWTP from each of CDM's six functional forms. The first two rows summarize the overall performance of each functional form in markets 20 Other common measures of econometric performance, such as the mean square error and rejection rates for null hypotheses about model coefficients, will be highly correlated with the normalized mean and standard deviation. While these measures of overall performance are consistent with the usual objective of estimating average MWTP, they may be less applicable in special cases where the researcher aims to recover the MWTP for a subset of households clustered at an extreme point on the price function. In this case, one could use the data to calibrate an assignment model, like ours, and then use it to predict the relative performance of candidate estimators. This would be consistent with Klaiber and Smith's [17] proposal for the application-specific use of assignment models. MWTP within a market to identify the demand for an amenity. However, for the typical hedonic study that aims to recover average MWTP, the mean absolute bias is the more relevant metric.
Based on this criterion, the quadratic Box-Cox model outperforms all other functional forms, as in CDM.
To investigate the consequences of omitted variables, we begin by omitting three spatially delineated amenities: (i) median income in the census block, (ii) share of the population under 18 in the census block, and (iii) distance from the home to the nearest shopping center.
Since these amenities are correlated with many of the variables that remain in the model, we would expect all of the estimators to perform poorly. This is indeed the case. Mean absolute bias approximately doubles for the linear, semi-log, log-log, and linear Box-Cox functional forms. This can be seen by comparing rows 1 and 3. The increase in bias is even more extreme for the two quadratic specifications. In the Box-Cox quadratic case, the mean absolute bias increases fivefold! The normalized standard deviations on the error also increase for every functional form.
While the overall pattern of results in the first four rows is generally consistent with CDM, there is one important difference. The relatively large increases in mean absolute bias for the two quadratic specifications are not large enough to diminish their relative performance.
They still perform about as well, or slightly better, than the simpler linear specifications in row 3.
One explanation for this divergence from CDM is that we have increased the sample size by an order of magnitude relative to their study (from 200 to 2000). The increase in sample size should help to pin down the curvature of the nonlinear models. As a result, the quadratic and Box-Cox quadratic models outperform the simpler specifications by a considerable margin. Comparing rows 2, 4, and 6 reveals that the fixed effects also help to mitigate the effect of omitted variables on the standard deviation.
We provide a formal test of this hypothesis as part of our meta-analysis in section 6. 22 An alternative explanation is advances in computing power and in the numerical algorithms used to solve for BoxCox parameters. For example, CDM used an early version of Shazam software (ver.6) that had a weak convergence tolerance (0.01 or 0.001) compared to current versions of Stata and other econometric software.
As a robustness check on the results from our "spatial" omitted variable scenario, we repeated the fixed effects regressions for all three utility functions and 100 different combinations of omitted variables. To avoid inadvertent bias in our experimental design, a uniform random number generator was used to select which three variables to omit on each Monte Carlo replication. The omitted variables were drawn from the full set of housing characteristics and amenities. Results for the mean bias are reported in rows 7 to 9. 23 The BoxCox quadratic model has the lowest bias in the Diewert and Cobb-Douglas specifications, and the Box-Cox linear model has the lowest bias in the Translog specification. As a final measure of model performance, rows 10 to 12 report the maximum absolute bias in MWTP among the 11 housing characteristics. Again, the two Box-Cox specifications perform the best. 24 The results in the first twelve rows of table 3 are based on the equilibria we calibrated to approximate the distribution of actual housing sales in Wake County. However, we find that additional equilibria exist at lower prices. To test the robustness of our results, we repeated our analysis of model performance using 100 lower-price equilibria. These equilibria were obtained by repeating the iterative bidding algorithm [19] Moreover, there are no changes in our initial findings on the relative performances of different 23 Results for the normalized standard deviation are very similar to row 6 for the Diewert and Translog utility functions. For the Cobb-Douglas utility function, the Box-Cox quadratic model has the lowest standard deviation. 24 The relatively large standard deviations on the quadratic forms in the Translog model in row 11 reflect a single replication where the maximum biases are 470% and 700%, respectively. Dropping this observation decreases the standard deviation from 0.41 to 0.13 in the quadratic model and from 0.73 to 0.18 in the Box-Cox quadratic model. estimators. 25 Overall, the results in table 3 suggest that spatial fixed effects can "rehabilitate" flexible functional forms in the presence of omitted variables. This is important because the nonlinear models can substantially improve the accuracy of estimates for nonmarket values. For example, when omitted variables are randomly selected, moving from the popular semi-log specification for the price function to the Box-Cox quadratic model reduces the average bias in estimates for MWTP by 24% to 43%, depending on the type of equilibrium and the shape of the preference function. 26 
Evidence on the Performance of Hedonic Estimators for Panel Data
Recent hedonic applications have increasingly sought to exploit temporal variation in the supply of environmental amenities. The basic idea is to estimate the rate at which unexpected changes in the spatial distribution of amenities are capitalized into housing prices. This approach requires data on equilibrium prices before and after a shock that "treats" a subset of homes in the market. With data on repeated sales of the same homes at multiple points in time, one can purge the bias that would otherwise arise from time-constant omitted variables.
By purging omitted variables, a panel data model can provide an accurate estimate for the capitalization rate. Yet, hedonic theory does not suggest that capitalization rates will provide accurate estimates for MWTP. Equality between the two concepts requires an additional 25 The average home sold for 4% less than in the calibrated Wake model and 14% of households were assigned to different homes. Complete results from this analysis, comparable to rows 1 to 12 of table 3, are reported in the supplemental appendix. We also tested income share multipliers of 25% and 75% and found very similar results. These results are also reported in the appendix. 26 We also tested a nonparametric model. It did not perform nearly as well as the Box-Cox quadratic specification, suggesting that with 11 characteristics more than 2000 observations are required to relax the need for parametric structure. In principle, one could use our experimental design to identify the N-K thresholds at which nonparametric models outperform the simpler parametric specifications. One could also evaluate semi-parametric models as a way to investigate how the "optimal" amount of parametric structure varies with sample size. A thorough investigation of semi and nonparametric estimators would be an interesting and potentially important topic for future research.
assumption that the ex ante and ex post equilibria share the same hedonic price function [8, 20] .
This assumption is likely to be violated by a non-marginal shock to an amenity (see Epple [13] , Bartik [5] , and Kuminoff and Pope [20] for illustrations of the comparative statics). 27 We use the simulated changes in commute times in the calibrated Wake County model to evaluate three approaches to panel data estimation. The first approach naively pools the data from the pre-shock and post-shock equilibria. These regressions include spatial fixed effects but ignore the possibility that the shape of the equilibrium price function may change. The second estimator is a generalized version of difference-in-differences (DID). This approach involves OLS estimation of the linear, semi-log, and log-log price functions using spatial fixed effects, a time dummy, and interactions between the time dummy and each covariate. These interactions allow for the possibility that the marginal implicit prices of the covariates may change as we move between different hedonic equilibria. The final panel data strategy involves estimating first differenced (FD) versions of the linear, semi-log, and log-log models, using data on repeated sales of individual homes.
A second complication is the possibility of time-varying omitted variables. With both omitted variables and implicit prices potentially varying over time, it is not at all obvious that panel data estimates for capitalization rates will provide more accurate estimates for MWTP than cross-section estimates for implicit prices.
As a baseline for assessing the panel data estimators, the first two rows of This result changes when we omit the three neighborhood amenities (median income, population under 18, and distance to shopping).
Without spatial fixed effects, the OLS estimates in row 1 differ from MWTP by 57% to 96%.
Adding the fixed effects in row 2 essentially absorbs the bias from omitted variables.
When all variables are observed, the pooled OLS estimators perform poorly. Their absolute bias in measuring MWTP for commute time ranges from 76% to 87%. These figures are 2 to 3 times larger than the corresponding cross-section results in row 1. The large increase in bias reflects the inability of pooled estimation to account for changes in implicit prices. When commute times decrease, MWTP changes, and so does the curvature of the equilibrium hedonic price function. Failing to allow for this adjustment introduces a temporal variant of functional form misspecification. The resulting bias is more severe than the effect of omitted variables in cross-section data.
By relaxing the "time-constant price function" restriction, the DID estimators substantially reduce the bias on MWTP. The range of values for the bias (16% to 39%) is 28 When all variables are observed, adding fixed effects increases the flexibility of the model, which can reduce bias. However, the fixed effects also absorb the variation in commute time between Census tracts. This increases the variance of OLS estimators for the commute time coefficient. As a result, adding fixed effects decreases the accuracy of estimates for MWTP on some Monte Carlo replications. This effect explains the slight (statistically insignificant) increase in mean bias for the linear model. Overall, the generalized DID estimator appears to be the best suited to hedonic estimation in panel data. The interactions between time dummies and housing characteristics control for changes in the shape of the equilibrium price function over time; the spatial fixed effects control for omitted variables in each time period; and no observations are lost. The first-differenced model also performs much better than pooled OLS despite the fact that it drops a large number of observations that were not resold, does not control for time-varying omitted variables, and measures the capitalization rate rather than the implicit price of commute times.
A Meta Analysis of Model Performance
The previous two sections highlighted key results from a subset of our simulations. This limited the scope for comparison. The need for brevity also kept us from summarizing results from other interesting specifications. For example, we also tested spatial lag models, spatial error models, nonlinear estimators for panel data, and regressions with smaller sample sizes. In order to quickly synthesize our full set of results and allow for broader comparison across estimators, we adapt Banzhaf and Smith's [3] approach to "internal" meta-analysis.
Meta-analysis has traditionally provided a simple and informative way to summarize results across a large number of distinct studies that investigate a common problem. Recently, This provides a simple way to detect how specific econometric modeling choices systematically contribute to an empirical hedonic model's ability to identify MWTP.
30 Table 5 presents the results. The first column uses data from all 11 housing characteristics, the second column uses data on the 5 spatial characteristics (i.e. commute time, nearest park, and census block variables) and the last column uses data on the commute time variable that was the subject of our simulated quasi-experiment. Our interest primarily lies in the second column because 84% of the empirical hedonic studies in our database focus on estimating the MWTP for a single spatially delineated amenity. We include the other two columns because results for the full set of housing characteristics provide the best comparison to CDM and results for commute time are useful in summarizing the performance of alternative estimators when data on the variable of interest are generated by a quasi-experiment. The adjusted R 2 ranges from 0.66 to 0.68 across the three specifications, indicating that hedonic modeling choices explain 29 The meta data do not include results from the tests of alternative equilibria summarized in section 4. While including these data would decrease standard errors on the coefficients in our meta regression, we prefer to maintain the realism provided by our calibration of the model to actual transaction prices in Wake County. 30 The relative magnitudes of the coefficients also provide some guidance on which econometric features are most important to control for in a conventional meta-analysis that seeks to explain why estimates of the MWTP for a particular amenity vary across different hedonic studies. The results in table 5 suggest it is particularly important to control for functional form, sample size, whether the study uses spatial controls for omitted variables, and whether the study restricts implicit prices to be time-constant. reduction in the bias for the quadratic model (4.5% + 12.5%) and an 11% reduction in the bias for the Box-Cox quadratic model (4.5% + 6.9%) in measuring MWTP for spatial characteristics (column 2). Equally important, increasing the sample size enables the use of spatial fixed effects for census tracts without concern for the loss in degrees of freedom.
Spatial fixed effects are clearly the preferable strategy for addressing spatially correlated 31 We dropped 254 observations with biases greater than 500%. These outliers represent approximately one tenth of one percent of our full sample. Dropping these observations leads to a substantial improvement in model fit. An alternative strategy would be to transform the dependent variable to reduce the influence of outliers. This would allow us to avoid dropping observations but it would complicate interpretation of model coefficients.
omitted variables in cross-section data. Adding fixed effects to the model reduces the bias by 7.3%. Interestingly, the spatial error model provides only a marginal improvement over a model with no spatial controls, while the spatial lag model actually performs worse. This relatively poor performance probably reflects the complexity of spatial correlations in our data. In a metropolitan area with a large number of census tracts, spatial fixed effects offer a flexible means of absorbing the irregular concentration of omitted variables. In contrast, the spatial lag and spatial error models impose a rigid structure on the spatial relationships between included and omitted variables. It is natural to expect this rigidity to add to the bias in measuring MWTP.
Nevertheless, it is important to point out that our assessment of the two spatial econometric models relies on the "nearest neighbor" specification for the weights matrix. No theory exists for the appropriate construction of this matrix and it is possible that a different specification may lead to materially different results. This would be an interesting topic for future research.
The fourth set of indicator variables describes the relative performance of different crosssection and panel data estimators. Naively pooling panel data increases the average bias in measuring MWTP for spatial characteristics by 4.7% relative to cross-section estimation, despite the increase in sample size. In comparison, the difference-in-differences estimator produces a substantial improvement (12.3%). The stark difference between pooled estimation and DID highlights the importance of controlling for changes in the shape of the equilibrium price function over time. The consequences of failing to do so are the most severe for the variable that changed the most-commute time. In this case, pooled OLS estimates for MWTP are 24% more biased than the DID estimates. The empirical importance of this result is reinforced by recent quasi-experimental studies that demonstrate the public goods we seek to assign implicit prices to often change substantially over time [4, 8, 20, 22, 27] .
As a final panel data test, we attempted linear Box-Cox estimation of the first-differenced model. This was an utter failure. Our meta-analytic regression predicts a bias on the MWTP for commute time that is 35% higher than the baseline OLS model. It seems likely that differencing the data simply removes the spatial variation needed to pin down the parameters of the nonlinear model. This finding is analogous to the main result from CDM's original study: in the presence of time-varying omitted variables, the more parsimonious panel data estimators with spatial fixed effects tend to perform the best.
Conclusions
Omitted variables have long been viewed as a hidden danger in hedonic modeling and this perception has driven the econometric evolution of the literature. Since Cropper, Deck, and
McConnell's innovative study, researchers have been willing to make untested assumptions about the shape of the hedonic price function in order to hedge against the risk of omitted variable bias. While this tradition continues, the literature has also evolved to address the problem directly. It has become routine to use spatial fixed effects to help absorb the confounding influence of omitted variables and recent studies have used quasi-experimental methods to purge time-constant omitted variables from the model. Our simulation results provide the first hard evidence that these new methods work. The evidence also suggests it is time to rethink some of the stylized facts about hedonic estimation.
One stylized fact is that more parsimonious functional forms are less susceptible to omitted variable bias. This is the frequently cited result from Cropper, Deck, and McConnell [9] . We find that this result no longer holds when spatial fixed effects are used to control for omitted variables. In this case, the more flexible specifications for the price function, such as the quadratic Box-Cox model, outperform the simpler linear, log-linear, and log-log specifications that have dominated empirical practice for the past two decades. This result is robust to features of our simulation including the specification for utility that underlies hedonic equilibrium and the composition of the set of omitted variables. Thus, it may be time to reconsider the quadratic Box-Cox model and other flexible specifications for empirical hedonic research.
Another stylized fact is that amenities have time-constant implicit prices. About half of the studies we reviewed use more than five years of sales data. They control for changes in amenities over time but, with few exceptions, they restrict the implicit prices of those amenities to be time-constant. This restriction is not suggested by hedonic theory. In general, shocks to preferences, income, information, or amenities can change the shape of the equilibrium price function [13, 20, 29] . Ignoring this adjustment can bias estimates for MWTP. We find this to be important. Simply pooling data before and after nonmarginal changes in neighborhood amenities conveys a bias that is similar in magnitude to the bias from omitted variables. We find that one can control for time-varying implicit prices by using a generalized difference-indifferences estimator that includes interactions between a time dummy and all of the characteristics of the hedonic price function. Although it is important to acknowledge that our analysis relied on a clean quasi-experiment, these results are encouraging. [3]
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Cobb-Douglas Table A1 reports correlation coefficients for all of the variables in our data and table A2 reports correlation coefficients for changes in the variables between the pre-shock and postshock equilibria. Tables A3, A4 , and A5 summarize the bias in cross-section hedonic estimates for MWTP under three alternative sets of equilibria. To obtain these equilibria we systematically increased the reference level of utility, i ũ , used to initiate the iterative bidding algorithm [19] . More precisely, for each preference specification, we solved for 100 new equilibria after multiplying the share of income spent on housing in the reference consumption bundle by 0.75, 0.50, and 0.25, holding constant all other features of the calibrated Wake County model. This produced equilibria at lower prices with different housing assignments. We used these new equilibria to repeat the comparison of functional forms reported in rows 1 through 12 of table 3. a These equilibria were obtained by multiplying the share of income spent on housing in the Wake County calibration by 0.75 in each household's reference consumption bundle. All other features of the calibrated Wake County model were held constant. The average house sold for 2% less than in the calibrated Wake model and 8% of households were assigned to different houses. In the table, Average | β | is the absolute percentage bias in estimates for MWTP averaged over the 11 housing characteristics in table 2. Max | β | is the maximum percentage bias among the 11 characteristics. Average | S | is the standard deviation of the bias averaged over the 11 characteristics. On each replication of the "spatial" omitted variable scenario three neighborhood amenities are omitted: (i) median household income, (ii) % under 18, (iii) distance to the nearest shopping center. On each replication of the "random" scenario, three variables are randomly chosen to be omitted. Max | β | is the maximum percentage bias among the 11 characteristics. Average | S | is the standard deviation of the bias averaged over the 11 characteristics. On each replication of the "spatial" omitted variable scenario three neighborhood amenities are omitted: (i) median household income, (ii) % under 18, (iii) distance to the nearest shopping center. On each replication of the "random" scenario, three variables are randomly chosen to be omitted. a These equilibria were obtained by multiplying the share of income spent on housing in the Wake County calibration by 0.25 in each household's reference consumption bundle. All other features of the calibrated Wake County model were held constant. The average house sold for 6% less than in the calibrated Wake model and 19% of households were assigned to different houses. In the table, Average | β | is the absolute percentage bias in estimates for MWTP averaged over the 11 housing characteristics in table 2. Max | β | is the maximum percentage bias among the 11 characteristics. Average | S | is the standard deviation of the bias averaged over the 11 characteristics. On each replication of the "spatial" omitted variable scenario three neighborhood amenities are omitted: (i) median household income, (ii) % under 18, (iii) distance to the nearest shopping center. On each replication of the "random" scenario, three variables are randomly chosen to be omitted.
